Abstract. In order to synchronize human and machine positions and minimize human-machine interaction forces in exoskeleton control, we present a two-degree-of-freedom (2-DOF) upper-limb exoskeleton model with power enhancement and direct force control strategy based on fuzzy adaptive algorithm. The conventional PD controller is widely used in exoskeleton control because it is model independent and its gains can be easily tuned. However, the speed of movement of the operator and the mass of external load are uncertain in practice; hence, the parameters of a conventional PD controller have to be adjusted according to the velocity of the motion and external loads to ensure the effectiveness of trajectory tracking. Additionally, there is a lag in the response time when the operator starts to move or changes direction suddenly. Therefore, this study proposes the use of an adaptive controller combining the fuzzy set techniques and PD controller to improve trajectory tracking. Robustness testing of the fuzzy PD controller for the external load uncertainty and motion velocity change are also investigated. The simulation results clearly indicate the superior performance of the fuzzy adaptive PD controller over the conventional one for tracking performance with external load uncertainty and motion velocity variance.
Introduction
Wearable robots have been developed to assist individuals in a variety of military, medical, and industrial applications [1] . Exoskeleton robots are widely found in the areas related to rehabilitation, haptic interaction, and human power augmentation [2] . Several methods have been proposed to control power-assist robots according to a user's motion intention [3] . For upper-limb exoskeleton, the control strategies can be classified as position control [4] [5] [6] , impedance control [7, 8] , and force/torque control [9] [10] [11] [12] . In order to improve trajectory tracking performance, many control strategies for upper-limb exoskeletons have been proposed. Position control based trajectory tracking is mainly used in early rehabilitation to help the impaired limb achieve continuous and repetitive training. Hessinger et al. [4] developed a 7-DOF upper limb exoskeleton for tool positioning tasks in orthopedic surgery. The objective of the system was to guide the surgeon during an operation to follow a trajectory with a surgical tool. Meanwhile, the aim of the system control strategy is to minimize the positioning error between the desired and the actual position (that is, position and orientation) of the tool tip. However, position control is the basis for other strategies, which help to achieve continuous and repetitive training in a passive training. Moreover, the position based tracking controller only guides the operator's limb to follow a predefined trajectory, without taking into account of the operator's active interaction [13] . Kiguchi and Hayashi [3] proposed an electromyogram-based impedance control method for an upper-limb power-assist exoskeleton robot, incorporating the user's motion intention. Impedance controller is one of the appropriate approaches for rehabilitation as it can regulate the dynamic relationship between the exoskeleton position and the contact force. In position-based tracking control and impedance control, operators are usually trained in a passive way and lack initiatives. However, force control involving the interaction between human and exoskeleton can be applied to augment the lifting capacity of human. Kazerooni [11] developed a direct force feedback to control an upper extremity power assist robot to augment the power of the operator. In this system, two sets of sensors measure the forces imposed on the robot by the environment and by the human. The operator receives physical feedback from the robot and feels a scaled version of the external load carried by the exoskeleton. Hayashibara et al. [10] later used a modified version of force controller to construct an upper-limber exoskeleton to attenuate the force felt by an operator while carrying heavy loads. The control strategy divided the load felt by the operator into dynamic and gravitational components in order to reduce the effects of actuator saturation. Silawatchananai and Parnichkun [12] proposed a relatively simple and potentially more robust alternative for exoskeleton control.
A control algorithm based on force control should solve uncertainty problems and apply the experience into the task of controlling the human-machine system. The conventional Proportional-differential (PD) controller is widely used because of its simple control structure, ease of design, and low cost. However, it is quite difficult to determine the optimum PD parameters as the system parameters are coupled, non-linear, and time-dependent. During the tuning process of a PD controller, two constants must be selected in such a way that the closed loop system provides the desired response [14] . Several intelligent numerical control methods such as fuzzy logic [15] [16] [17] , neural networks [18, 19] , and evolutionary computing [20] [21] are widely used for the optimum design of a PD controller. These control methods provide freedom for designers to take advantage of their understanding of the task at hand to solve the problems related to parameter uncertainty [22] . Because of its nonlinear characteristics, fuzzy PD controller can display better behavior compared to the traditional PD controller [23] .
To further improve the tracking performance, we have designed a direct force control strategy using a fuzzy PD controller for application in power-enhanced upper-limb exoskeleton with varying external loads or different velocities, which contain significant uncertainties. Active control is required to handle the haptic device dynamics. This can be achieved either through the device model or from the force feedback from sensors installed on the device [12] . In this paper, the human-machine interaction force is modeled as a spring for simulation. Additionally, the fuzzy PD controller combines the fuzzy set techniques and PD controller to improve the tracking performance of limb exoskeleton. The simulation results show that fuzzy adaptive PD controller yields less tracking error and less root-mean-square (RMS) error compared to the traditional one with different external loads and motion frequency, especially when the operator starts to move or changes the motion direction. Robustness tests are carried out against the external load uncertainty and motion velocity variance to test the effectiveness of the proposed controller. This paper is organized as follows. The next section presents the 2-DOF upper-limb exoskeleton and its kinematic model, while the fuzzy adaptive PD algorithm for force control is presented in Section 3. In Section 4, the simulation results are presented and discussed, and finally the paper ends with conclusion in Section 5.
Modeling of upper-limb exoskeleton
A model of a 2-DOF upper-limb exoskeleton consisting of the load, the exoskeleton and an operator is shown in Fig. 1 . The upper-limb exoskeleton has 2 DOFs, with the shoulder joint and elbow joint actuated and capable of following the rotations of the corresponding joints of the operator. To simplify the exoskeleton, the human and exoskeleton interaction force is modeled as a spring. The external load is assumed to be a rigid object with a fixed center of gravity.
The dynamic of 2-DOF upper-limb exoskeleton can be constructed using the Lagrange equation. Neglecting the frictional force, the dynamics of 2-DOF upper-limb exoskeleton can be described as follows: The purpose of our upper-limb exoskeleton design is to synchronize the human and the machine positions. If the exoskeleton is able to track the operator's motion quickly and simultaneously, the deviation between the terminal position of the operator and that of the exoskeleton is very small. The model presents an interaction force as a function of the terminal position ( , ). Consequently, the human-machine interaction force can be expressed as a spring model: 
In practice, the human-machine force is measured by a multi-axis force/torque sensor mounted on the end effector. However, in simulation, the human-machine interaction force is modeled as a simple spring model. When desired angular positions of human ( ) are provided, the terminal position vector of operator can be expressed as follows:
The operational forces are related to the joint torques by Jacobi transpose matrix such that:
is the joint torque vector of operational space. Jacobi
is a transpose matrix that can be expressed as:
In this system, the motor driver has highly efficient characteristics to provide feedback of the movement information. The actuated torque of motor can be acquired as:
where ∈ × is the input voltage of the DC motor; is the current of the motor; is the torque constant;
is the induction electromotive force constant; is the armature resistance; and is the armature inductance.
Controller design

Controller design for direct force control strategy
The purpose of our upper-limb exoskeleton design is to enhance the operator strength, synchronize the human and the machine positions, and minimize the human-machine interaction force. To implement these goals, a direct force control strategy consisting of two closed-loop controllers is designed. The direct force control strategy using a PD controller for the exoskeleton is shown in Fig. 2 . In this system, the angles for revolute joints of the human are the desired positions which for test purposes are sinusoidal signals at a sampling frequency of = 1000 Hz:
As described in Fig. 2 , is the desired human-machine interaction torque. One aim of the control is to minimize the human-machine interaction torque, so that T d should be set to be zero:
where is calculated from Eq. (6). ( ) is the error between the desired and actual human-machine torques of the system. Therefore, the control law of PD controller can be written as:
where and are the proportional and differential gains, respectively. is the output of PD controller. The input of inner loop controller can be expressed as:
where is the error between the desired and the actual actuated torques of the motor. Hence, the control law of the PI controller can be described as:
where and are the proportional and integral gains, respectively. is the output voltage such that the motor generates the torque . 
Design of fuzzy PD controller
Conventional PD controller has fixed gains that cannot be adjusted according to the control results of the system in real time. Therefore, it is difficult for the conventional PD controller to achieve a desired level of performance for controlling the complex system such as upper-limb exoskeleton. The conventional PD controller has to tune the gains manually according to the external load uncertainty and motion velocity variance. Otherwise, the tracking performance becomes progressively worse. To ensure the effectiveness of PD control, a popular method is to modify the linear PD controller into the nonlinear one [19] . For example，the combination of fuzzy set theory and PD controller can improve the system performance to achieve the desired effect. In this paper, the direct force control strategy using fuzzy PD controller is proposed for upper-limb exoskeleton.
The fuzzy adaptive PD controller combines the conventional PD controller and fuzzy set theory to establish a binary continuous function between the PD parameters and the torque tracking error. The gains of a PD controller can be automatically adjusted according to the deviation of torque, which plays an important role in making the fuzzy adaptive controller work on a changeable mode (that is, the external load uncertainty motion velocity variance).
Control objective
The purpose of a fuzzy PD controller is to find out the relationship between the PD gains ( and ) and the human-machine joint torque vector ( ), so that the controller gains can be auto-tuned in real time based on the torque error ( ) and its change rate ( ), which are defined as follows:
The fuzzy PD controller uses ( ) and ( ) as the input variables, while the defuzzified results are used to adjust the PD gains by adding them to the initial PD gains. The structure of fuzzy PD controller is shown in Fig. 3 . In order to achieve smooth control for the human-machine system, the direct force control strategy using fuzzy PD controller consisting of two close-loop controllers was designed, as shown in Fig. 4.   Fig. 4 . Direct force control strategy using fuzzy PD controller for the exoskeleton
Fuzzy PD controller
Fuzzy PD controller can adjust its PD parameters based on the additive change. The relationship between PD parameters and torque tracking errors is established in this paper. The inputs of the fuzzy PD controller are the torque tracking error ( ) and its change rate ( ). Meanwhile, the outputs of the system are the additive variations of two PD parameters (∆ and ∆ ), which are used to adjust the PD controller by adding them to the initial parameters.
The input variables ( ) and ( ) are defined as {Negative Medium, Negative Small, Zero, Positive Small, Positive Medium}, which can be denoted by {NM, NS, ZO, PS, PM}. In addition, The fuzzy PD controller has the form of PD structure, but the parameters are tuned by fuzzy inference, which supply a nonlinear mapping from the torque error and its change rate to PD parameters. The PD parameters of the controller are chosen using Ziegler and Nichols method [25] . Fig. 5 represents fuzzy membership functions of input and output variables for shoulder joint. Fig. 6 shows fuzzy membership functions of input and output variables for elbow joint. The fuzzy rules should be developed appropriately according to the tuning of the parameters of the PD controller, and the empirical relationship between two PD parameters and torque tracking errors should be considered in design of the fuzzy rules. To be specific, the magnitude of should increase when the system needs quick response and decrease when the undesirable oscillations need to be eliminated. Similarly, the magnitude of should increase when the deviation need to be corrected earlier and decrease when the noise is inevitably high. According to the principle of parameters tuning, the additive variables ∆ and ∆ can be adjusted while the fuzzy inference rules of the two PD parameters are determined experimentally depending on ( ) and ( ). Consequently, the inference rules described above are built as the "If-Then" forms, which characterize the relationship between fuzzy input and output. Table 1 shows the inference rules of the fuzzy PD controller (for example, if ( ) is NM and ( ) is NM, then ∆ is NM and ∆ is NM; and if ( ) is NS and ( ) is NM, then ∆ is NM and ∆ is NS).
Mamdani inference of each rule is independent and the output constitutes of two separate nonlinear functions. It uses the appropriately designed knowledge base to evaluate the fuzzy rules and produces the output for each rule.
The defuzzification process converts the fuzzy variables to the accurate values. In order to obtain accurate results of fuzzy output, the method should be calculate the membership function results effectively. There are many types of defuzzification strategies. In this paper, centroid of area method is used for outputting the membership values.
According to the fuzzy rules, the PD gains for two joints are calculated as:
where and are the tuned gains; * and * are the initial PD gains for the robot joints, which can be specified based on practical experience; and ∆ and ∆ are the fuzzy inference outputs gains. The gains for the conventional PD controller are written as = * and = * . 
Simulation results
The objectives of this section are to test the robustness of the fuzzy adaptive controller and the conventional PD controller and to compare the tracking performance of these controllers. Simulations in this study were carried out using Matlab. The parameters of the motor and the upper-limb exoskeleton are listed in Table 2 . The parameters of the controllers are chosen using Ziegler and Nichols method [25] . Then, the optimum parameters for the PI controller can be provided as = 0.0055 and = 0.125. The matrix of stiffness coefficients [26] is selected as = diag[4000 8000 500]. 
Robustness testing: external load uncertainty
In order to test the robustness of the fuzzy adaptive controller, the mass of external load is increased from 0 to 10 kg. The frequency of the motion is 1/3 Hz. All the optimized parameters of the fuzzy and PD controllers with different load are summarized in Table 3 . The initial parameters of the fuzzy PD controller are constant and the additive parameters can be adjusted automatically based on the fuzzy rules in the condition of external load uncertainty, while gains of the conventional PD controller have to be regulated manually according to the mass change. The performance of the fuzzy and the PD controllers for direct force control are compared. Figs. 7-9 show the trajectory tracking, position errors, and human-machine interaction force with different loads for each joint. It can be seen that both fuzzy and conventional PD controllers have good performance in the smooth movement stage. However, the performance of the fuzzy PD controller is better compared to that of the PD controller when the robot starts to move or changes the motion direction quickly. This means that the response time of the fuzzy PD controller is faster than that of the conventional PD controller. The actual movement trajectory can follow the desired trajectory more accurately as the fuzzy adaptive controller takes into account of the current movement state of the robot to modulate itself with load change. Tracking performances of the force control strategy for the upper-limb exoskeleton are tested through simulation. To evaluate the comparison results, the system tracking performances are indicated by root-mean-square (RMS) error: Table 4 provides the RMS errors of the human-machine position with different loads. The fuzzy PD controller has considerably less RMS error than the PD controller. Table 5 presents the RMS errors of the human -machine interaction torques with different loads. From Table 5 , it can be seen that the fuzzy PD controller has a better performance in reducing the human-machine interaction torque than PD controller in all joints with different loads. 
Robustness testing: motion velocity variance
In the second case, for robustness evaluation of the controllers the motion frequency is decreased from 1/2 Hz to 1/6 Hz. The motion frequency values are selected from Refs. [14, 27, 28] . The PD parameters must be tuned manually based on the motion frequency value, while the fuzzy PD initial parameters are constant, and the additive parameters can be adjusted automatically according to the velocity change. The fuzzy PD parameters can be tuned adaptively in real-time based on the torque error and its change rate. All the proportional and differential gains of the fuzzy and the PD controllers for different motion frequency values are stated in Table 6 . Performances of the fuzzy and the PD controllers for trajectory control are compared next. Figs. 10-12 show trajectory tracking, position errors, and human-machine interaction torque for each joint with different motion frequency. As seen in the figures, the performance of the fuzzy PD controller is better compared to the PD controller when operator starts to move or changes the motion direction quickly. The fuzzy PD controller has faster response time and settling time. The actual movement trajectory can follow the desired trajectory more closely because the fuzzy PD parameters can be tuned adaptively in real time. The RMS errors of the human-machine position and the human-machine interaction torque with different motion frequency values are provided in Tables 7-8 . The fuzzy PD controller shows considerably less RMS errors compared to the PD controller. When the motion frequency is uncertain, it is seen that the deviations occur from the desired trajectory and the fuzzy adaptive controller produces better results than the conventional PD controller. The simulation results illustrate that the fuzzy adaptive PD controller has played a significant role in improvement of the tracking accuracy, with effective reduction in the human-machine interaction forces. In order to test the robustness of the controllers, the mass of external load and motion velocity were changed. The conventional PD controller shows a good performance only when the gains are manually tuned according to the load mass and the motion frequency. However, the fuzzy PD controller performs better and is more adaptive as its gains can be adjusted according to the load and motion frequency values, especially in the stages of the initial movement and the change in direction. 
Conclusions
Direct force control for 2-DOF upper-limb exoskeleton, under the actuation of motor, was explored in this study. The direct force control strategy consists of two closed-loop controllers, including a PD controller and a PI controller, to synchronize the human-machine positions and to minimize the human-machine interaction forces. The fuzzy set techniques are used in combination of the PD controller to improve the system performance, especially when the operator starts to move or changes the direction of the motion. The simulation results show that fuzzy PD controller gives better tracking performance, such as less RMS error in human-machine position synchronization and human-machine interaction force minimization. Furthermore, the fuzzy controller can adaptively regulate its parameters according to the external load mass and the motion frequency, while the conventional PD controller must tune its parameters manually with different motion velocity and mass of the external load.
In the future, our work will involve obtaining a better trajectory tracking performance by combining the fuzzy PD controller with other control techniques, such as neural network and genetic algorithm. Furthermore, in order to improve the control effect, the friction compensation and gravity compensation will also be taken into account.
